Inter-observer variability and cancer over-diagnosis are emerging clinical problems, and there is a strong necessity to support the standards histological and cytological evaluations by biochemical composition information. Over the past decades, there has been a very active research in the development of Raman spectroscopy techniques for oncological applications and large scale clinical diagnosis. A major issue that has received considerable interest in the Raman literature is the fact that variations in instrumental responses and intrinsic spectral backgrounds over different days of measurements or devices creates strong inconsistency of Raman intensity spectra over the various experimental condition, thus making the use of Raman spectroscopy on a large scale and reproductive basis difficult. We explore different methods to tackle this inconsistency and show that regular preprocessing methods such as baseline correction, normalization or wavelet transformation are inefficient on our datasets. We find that subtracting the mean background spectrum estimated by identifying non-cell regions in Raman images makes the data more consistent. As a proof of concept, we employ our single-cell Raman Imaging protocol to diagnosis challenging follicular lesions, that is known to be particularly difficult due to the lack of obvious morphological and cytological criteria for malignancy. We explore dimensionality reduction with both PCA and feature selection methods, and classification is then performed at the single cell level with standard classifiers such as k Nearest Neighbors or Random Forest. We investigate Raman hyperspectral images from FTC133, RO82W-1 and NthyOri 3-1 cell lines and show that the chemical information for the diagnosis is mostly contained in the cytoplasm. We also reveal some important wavenumber for malignancy, that can be associated mainly to lipids, cytochrome c and phenylalanine. We obtain cell classification test accuracies ranging from 80 % to 86 %.
Introduction
Although histopathologic diagnosis nowadays represents the ultimate diagnostic method for many form of cancers 1 , it sometimes suffers from great inter-and intra-observer variability and is also subjected to sampling errors even among the experts. In order to reduce the false positive or false negative rates in clinical diagnostics and thus avoid overtreatment or undertreatment, there is a strong necessity to support the histological and cytological evaluations by biochemical composition information. In the last fifteen years, numerous molecular analyses have been investigated, with the scope of reducing the diagnostic variability (e.g. immunohistochemistry 2 , gene expression profiling 3 , etc) .
A typical example that would benefit greatly from new clinical tools is the diagnosis of follicular lesions of the thyroid 4 , which is known to be particularly difficult due to the lack of obvious morphological and cytological criteria for malignancy 5 . The diagnosis of thyroid lesions have many variants 6 , each involving different risks and necessary treatments for patients: Follicular Thyroid Carcinoma (FTC), Papillary Thyroid Carcinoma (PTC), Follicular variant of PTC (FVPTC), Undifferentiated Thyroid Carcinoma (UTC), Medullary Thyroid Carcinoma (MTC) and Follicular Adenoma (FA) (that is not malignant). Recent literature suggest that a growing part of the detected thyroid cancers are overdiagnosed and overtreated 7, 8 , which indicates that a significant proportion of unnecessary surgical solutions and further treatment such as thyroidectomy and radiotherapy could be avoided by supporting the traditional Fine Needle Aspiration Cytology diagnosis (FNAC) of thyroid lesions with biochemical composition information.
In this context, Raman spectroscopy is very promising to increase diagnostic reliability as it is a non-destructive technique capable of providing high molecular specificity and sensitivity, while requiring minimal sample preparation 9 . In the last few decades, the number of Raman studies focused on oncology based problems, and more generally on various tissue and cellular pathologies, has been growing progressively 10, 11 . Particularly, there is a considerable clinical requirement for a noninvasive real-time Raman probe 12 that can perform accurate and repeatable measurement of pathological state. While Raman measurements for clinical applications are generally performed at the cellular level to diagnosis neoplastic tissues containing dozens to hundreds of cells, the excitation wavelength in the visible and near-infrared range also allow a higher spatial resolution and can provide hyperspectral Raman images of individual cells at the sub-cellular level 13, 14 . Extraction of chemical and spatial information of sub-cellular components in individual cells have the potential to give a more complete understanding of the underlying biological processes as well as better accuracies in clinical diagnosis. 15 For a large scale clinical use, Raman measurements needs to be reliable and repeatable over a very wide range of experimental condition. However, a major issue of Raman spectroscopy is the fact that the intensity at each wavenumber is heavily influenced by experimental conditions, such as light scattering by instruments or unstable auto fluorescence from samples, leading to inconsistency of the Raman intensity spectra over different days of measurement or devices. This requires a robust calibration, preprocessing and postprocessing procedure to account for possible variations in the Raman measurements. While numerous processing methods are mentioned in literature 16, 17 , there is still currently a lack of robust and reliable tool for clinical diagnosis with Raman spectroscopy 17 .
In this study, we focus on the diagnosis of FTC vs NT on large dataset and aim at developing a general and reliable method to analyze spectral imaging data of cells and living tissues in a consistent and reproductive way. We analyze sub-cellular hyperspectral Raman images measured in different experimental condition over different months and highlight their inconsistency when preprocessed with standards approach such as wavelet decomposition or baseline correction. We tackle this issue by subtracting the mean background spectrum estimated by averaging spectra over non-cell regions in Raman images. The second part explore the chemical differences between FTC and NT, and reveal some important wavenumber for malignancy. We also highlight the organelle dependence in single cell classification performances.
Related work Cytopathologic diagnosis by Fine Needle Aspiration biopsies (FNAC) is nowadays widely accepted as the initial step in the management of thyroid nodules 18, 19 . However, a significant number of cases (roughly 30 %) are reported as follicular tumors of unknown malignant potential (FT-UMP) due to incomplete evidence of malignant features 20 . In this context, several teams have experimented the differentiation of thyroid follicular lesions with Raman spectroscopy to improve clinical diagnosis, utilizing both cell lines 15, [21] [22] [23] and tissue sections 24, 25 . Although they emphasized a lack of obvious spectral criteria for malignancy, feature extraction and dimensionality reduction methods enabled the obtention of good accuracies, ranging from 75% to 95% for the diagnosis of thyroid cancers. They however reported high variability of Raman spectra, especially for those who had performed measurement over different days and in various experimental conditions 24 . All of the mentioned works for Raman involve relatively small datasets, containing around 50 examples.
Regarding the analytic techniques for Raman spectra, an extensive review of preprocessing and postprocessing techniques methods are provided in 16, 17 . Standard methods include denoising, baseline correction and normalization. Denoising is usually performed with Singular Value Decomposition (SVD) 26 or Principal Component Analysis (PCA) 27 , that can effectively reduce the spectra into a defined number of principal components. Baseline correction such as recursive Polynomial fitting (Polyfit) 28 or by Asymmetric Least Square smoothing (ALS) 29 are then commonly used to remove contribution from unknown fluorescent background, but they potentially introduce unintended artifacts and inevitably damage the information of low frequency components. Direct background subtraction with spectra measured from cell free reference sample are also an alternative to deal with the background 30 , but these methods typically requires to measure additional samples prior to the measurement for each image. Finally, normalization is usually required to correct for sample and experimental variables. Because Raman spectra involve hundreds to thousands of wavenumbers, postprocessing generally start by selecting some specific wavenumbers or by applying dimensionality reduction methods such as PCA or ISOMAP 31 . Automated classification to determine whether an image (at either tissue or cellular level) belongs to a diseased tissue is then performed with standard supervised classifiers 5 such as nearest neighbors, linear discriminant analysis, support vector machines, etc.. Finally, advanced chemical information can be obtained by sub-cellular clustering analysis on Raman hyperspectral images 15, 32 . It allows the separation of individual cells into different clusters that can be chemically identified to specific biological markers by looking at the average spectra of that class.. One important step towards the sub-cellular study of hyperspectral Raman images is the segmentation of cellular structures. Popular methods are based on Kmean clustering, hierarchical agglomerative clustering and spectral phasor analysis 33 , but these approaches are mostly limited to simple cases where cells are not packed together. While it is possible to deal with packed cell by looking at their nuclei and separate them based on the image intensity gradient 15 , there is still a lack for fully automated segmentation methods of Raman hyperspectral images.
Our contribution In this article, we describe an automated approach capable of classifying single cell Raman hyperspectral image data of FTC and Normal Thyroid (NT). We explore the inconsistencies of Raman data over different days of measurements and propose a background subtraction method by identifying and averaging non-cells regions in hyperspectral images. We then demonstrate that dimensionality reduction methods combined with simple classifiers such as k Nearest Neighbors (kNN) or Random Forest (RF) lead to up to 86 % test accuracy on our large dataset. We also provide detailed biochemical analysis by performing wavenumber selection to identify the relevant chemical compounds, and investigate the spectral information at the subcellular level. Finally, although this article demonstrates that these methods are successful for the diagnosis of cancer thyroid lesions, none of the methods we describe are specific to these lesions, and our approaches could easily be generalized to any Raman hyperspectral images applications.
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Results
Hyperspectral Raman images were obtained from FTC133, RO82W-1 and Nthy3-1 cell lines. The detailed description of sample preparation and Raman measurements are given in the Methods section. In short, measurements were performed by two independent teams with two different Raman devices, at different days over a year. Our study involve 86 hyperspectral images taken at 16 different dates by two independent teams.
Hyperspectral Raman images data consist of three dimensional matrices, the first two axis corresponding to the pixel position and the third axis being the Raman intensity spectrum at that pixel. One image contains roughly 80 000 spectra with 1000 wavenumbers each, in the range of 700 -3000 cm −1 . Two-dimensional image frames at wavenumbers corresponding to Cytochrome c (750 cm −1 ), proteins (Amide I, 1681 cm −1 ), and lipids (CH 2 bending at 2852 cm −1 ), are shown for representative hyperspectral images Figure. 
Cell segmentation and isolation
Under the working assumption that cell regions are brighter than their non-cell counterparts in the high wavenumber region, differentiation of cell regions from non-cell regions is performed by K-means superpixel clustering (See methods for details). However, as shown on Figure. 2, the relatively high cell density in some Raman images requires manual segmentation to correctly isolate the cells. Note that the relatively small dataset, the wide variety of cell shape and the complex boundary decision for high cell density images makes automated segmentation of cellular structure particularly challenging. After superpixel segmentation of the images 15 Raman spectra preprocessing and inconsistencies over different days of measurements The gold standard for Raman spectra preprocessing involve denoising, baseline correction and normalization. Although these three steps have proven numerous times to be enough to extract reliable spectral data over various experimental conditions, the obtained spectra may still differ due to some uncontrolled artifacts. Fortunately, these inconsistencies are generally negligible relatively to the differences over the spectral classes for classification.
We applied standard preprocessing techniques on our datasets: each spectrum has undergone denoising with SVD, baseline correction with 7 th order Polyfit, and area normalization (see methods for details). Figure. 3a,3b plot the average spectra obtained after preprocessing. Note that the silent region (1800-2800 cm −1 ) was cropped due to the lack of relevant biological markers in that wavenumber range. For visualization purpose, dimensionality reduction is performed by Principal Component Analysis (PCA) 27 , which is a dimension-reduction tool that can be used to reduce a large set of variables to a smaller set that still explain most of the variability in the data. A scatter plot of the first two principal components of each superpixel spectrum labeled as their malignancy, date, and place respectively is given Figures.3c, 3d , 3e. From these plots we notice considerable differences between measurements performed with different Raman devices (3a,3c), but also at various days from the same team (3b,3d). In particular, large spectral differences between teams 1 and 2 are found in the wavenumber range where non cellular components show major contributions (water and optical components at 750 − 850 cm −1 and 1000 − 1150 cm −1 ) ( Figure.3a) . This indicates that the differences between the two teams mainly comes from non-cellular signals, which is mostly determined by the experimental setup that is used for the measurements. As for the differences of the Raman intensity signal measured at different days on the same device, variability in both the degree of optical alignment and substrate condition may also produce relatively large variations in the non-cellular component regions ( Figure.3b ). In general, it seems like the notable variability among different days and setups mainly come from the cellular-to-noncellular signal ratio.
Regrouping the data with non cell region subtraction
Previous research has shown that the preprocessing methods presented above are applicable for measurements taken within the same day (without turning off the laser and thus changing optical conditions), and that there is a significant distinction between FTC and NT spectra 15 . More importantly, we found that these differences are consistent when the dataset are treated separately, which seems to indicate that Nthy cells are chemically relatively stable to FTC cells over different days.
To deal with the inconsistencies in the cellular-to-noncellular signal ratio, we propose to subtract the background estimated by averaging the spectra from non-cell regions, that typically contains the spectral contribution from both instrument response and sample fluorescence. As the area defined as background and non-background might varies through images due to 5/20 differences in the cell density, non-cell regions are identified by defining a threshold on the high wavenumber region to ensure the consistency of background subtraction through different images, see method for a complete description of the procedure. Figure. 4 show the estimated cell and non-cell region, and the corresponding average spectra. The obtained spectra after background subtraction and offset correction are plotted Figure. While methods involving the subtraction of background spectra are not new, they typically require the measurement of additional reference samples prior to the actual measurement 30 . Our method, on the other hand, estimate the background spectra directly from the non cell regions in hyperspectral Raman images and does not requires any additional measurement. As emphasized by the results shown Figure.5, our protocol perform relatively well and makes the measurement more consistent.
Earth mover's distance between distributions
As a tool to quantify how the measurements at different days differ from each other, and how subtraction from non cell regions improve their consistency, the Earth Mover's Distance (EMD) 34 is a suitable metric to measure distances between two discrete distributions. In short, it reflects the minimal amount of work that must be performed to transform one distribution into the other by moving "distribution mass" around. Some advantage of EMD relatively to other measures like the Kullback-Leibler divergence is that it is symmetric, finite, and does not require any preliminary probability distribution computation. Generalization of the EMD distance to multiple distributions is done by averaging over the distances of all possible pair of distribution. The python library Optimal Transport 35 was used in our work, details are given in the method section. Table. 1 shows the computed distance between different groups in the PC1-PC2 space and emphasizes the benefit of non cell region subtraction on our dataset. Apart from the obvious differences between the measurements of team 1 and team 2 without background subtraction, the EMD distance is still significantly higher for measurement taken by the same team relatively to the one of FTC vs NT, which indicate that that the spectral inconsistency over different day of measurement are more significant than the spectral distinction between FTC and NT, meaning that the standard preprocessing methods presented in the first part of our work are not suitable for our FTC/NT diagnosis on our datasets. On the other hand, The EMD distance after non cell region subtraction for different dates and places are always smaller than the EMD distance between FTC and NT, which reflect the efficiency of our procedure.
Postprocessing and Raman peaks
After making sure that our data are consistent through different days, we can combine all the measurements together and study the spectral properties to a obtain detailed biochemical profile associated to each pixel in the Raman images. The Raman spectrum averaged over all pixels is shown below Fig.6 . Note that the wavenumber region 700-1800 cm −1 was increased by a factor of 4 to ease the presentation, and that the silent region (1800-2800 cm −1 ) was cropped due to the lack of relevant biological markers in that wavenumber range. Raman spectrum averaged over all pixels within all images, the gray area is the one sigma variance. Major peaks in the spectrum are emphasized with vertical lines, colored according to their main chemical significance.
The broad contributions in the wavenumber ranges (700-1800 cm −1 ) and (2800-3000 cm −1 ) indicates the presence of a very wide variety of proteins and lipids 25, 36 , that are typically contained in cellular tissues. The main contributions in the Raman spectra of Nthy3-1, FTC133 and RO82W1 cell lines (Fig.6 ) are summarized Table. 2. The most noticeable peaks are:
• Broad contribution at (1410-1470 cm −1 ) and (2800-2900 cm −1 ), indicating the presence CH 2 bending and stretching, along with (1630-1700 cm −1 ) for C=C stretching, mostly contained in lipids. 37 • Broad contribution at (2900-3000 cm −1 ) indicating the presence of CH 3 stretching, typically contained in the vast majority of biological compounds.
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• Narrow peak at 750 cm −1 ,1127 cm −1 ,1314 cm −1 ,1585 cm −1 associated to vibrational modes of Cytochrome c 38 in the mitochondria.
• Strong and narrow peak at 1003 cm −1 corresponding to Phenylalanine (C-C) stretching. 39 Tyrosine  1211  Amide III  1265  Amide III  1310  Tryptophan  Cytochrome c  1339 Tryptophan, Amide III 1447
Phenylalanine, Proline Cytochrome c 1659
Organelle dependence, Nucleus vs Cytoplasm As a first step for the analysis of the cell lines, we separate cell regions into two distinct categories: nucleus and cytoplasm, that differ in their spectral response notably in the lipid region ( Figure.7a) . Differentiation of nucleus regions relatively to cytoplasm region is done by K-means clustering on the CH2 stretching region 2842 − 2910 cm −1 , see method for detailed description of the procedure. From Figure 7c , we immediately observe that NT cells contains more nucleus region (40%) than FTC cells (20 %), which suggest that NT cells have on average a bigger nucleus than FTC. Clinical diagnosis of FTC by histological methods is however well known to be challenging do to the lack of obvious morphological features for malignancy 5 , and the difference that we obverse is probably unique to the Nthy3-1 cell line rather than an actual general morphological difference in clinical applications. It is possible that such difference comes from the SV40 large T antigen protein that was artificially introduced in Nthy cells for immortalization. In our analysis, we have to make sure that good classification accuracy comes from an actual chemical difference in the cell rather than just the fact that NT has bigger nucleus than FTC.
As for further analysis, Fig.8 .I, 8.II and 8.III showcase the FTC vs NT spectral difference averaged over the whole cell, nucleus region only, and cytoplasm region only respectively. As emphasizes the scatter plot in the PC1-PC2 space, the distinction between FTC and NT is very poor for nucleus regions, which indicates that NT and FTC nucleus does not contain any relevant chemical difference for FTC clinical diagnosis. As expected, the spectral difference at wavenumbers 750 cm −1 , 1127 cm −1 , 1314 cm −1 and 1585 cm −1 is increased for cytoplasm region relatively to whole cell region, because nucleus regions does not contain a weak cytochrome c contribution. We also performed a simple 10 Nearest Neighbor classification on the first 5 Principal Components (PCs) to check for the classification performances. Three spectra were produced for each cell by averaging over all the single-pixel located within the region assigned to the cell, cytoplasm and nucleus respectively. The results are summarized Table. 3 We observe that the classification accuracy is similar for whole cell and cytoplasm only regions, but very poor for nucleus only regions. This is in agreement with the difference spectra and pixel-wise PC1-PC2 plot Fig.8a and Fig.8b . 
FTC/NT spectral differentiation in the cytoplasm
To make sure that good classification accuracy comes from an actual chemical difference in the cell rather than just the fact that NT has bigger nucleus than FTC, we discard the nucleus region and focus our analysis on cytoplasm regions only. After making sure that our data are consistent through different days, and that the variation in the nucleus size will not affect the classification, we can study the spectral differences between FTC and NT cell lines for clinical diagnosis. Figure. 9a plot the mean FTC and NT spectra averaged over cytoplasm region over all images after non cell region subtraction, offset correction, and area normalization for the three cell lines FTC133, RO82W-1 and NthyOri 3-1.
Figure 9. Cytoplasm processed (a) mean spectra of pixel from each cell line and (b) their difference with NT ∆I = I(Nthy) − I(FTC133), colored area is 1-sigma variance. (c) pixel spectra from different cell lines in the PC1-PC2 space (contains 88% of the information). (d) EMD distance matrix between cell lines in PC1-PC2 space
As emphasized by the EMD distance matrix between the three cell lines Figure. 9d, RO82W-1 and FTC133 distributions are close to each other in the PC1-PC2 space relatively to Nthy. Note that the distance between FTC133 and RO82W-1 (0.5) is smaller than the average EMD between different dates (1.2). The spectral difference with Nthy Figure. 9b also shows that FTC and RO82 have similar trend, although the one from RO82W-1 being more pronounced than FTC133.
From the difference spectra Figure. 9b, we observe that despite their similarities, the cellular spectra of FTC and NT differ significantly at several important wavenumbers:
• Most notably, we observe an increased FTC intensity in the regions corresponding to CH 2 bending, C=C stretching and CH 2 stretching (1440 cm −1 , 1650 cm −1 , 2800-2900 cm −1 respectively), suggesting a relative concentration increase of lipids in FTC cells, which is in agreement with literature reports of increased lipid activity in cancers 41 .
• We also distinguish in FTC cells a significant decreased intensity in cytochrome c (750 cm −1 ,1127 cm −1 ,1314 cm −1 ,1585 cm −1 ). One possible interpretation is that FTC cells tends to breathe more than NT cells, and thus oxidize more cytochrome c, that has a different (and weaker) response in the Raman signal and thus reduce the cytochrome c peak intensity.
• Finally, we see in FTC cells a decreasing Phenylalanine (1003 cm −1 ) and Tryptophan (1337 cm −1 ) intensity, as well as a significant decrease in CH 3 (2900-2900 cm −1 ). Which would indicate that NT cells contains on average more proteins than FTC cells.
It has been reported that there is no significant biochemical difference between SV40 transfected bone cell line and primary bone cells 42 . As a result, it is unlikely that the spectral difference between FTC and NT is due to the SV40 large T protein (that was artificially added to Nthy cells for immortalization). Previous literature on hyperspectral Raman images of thyroid tissues 24 emphasized an increased presence of carotenoids in FTC cells from tissues, these are however not significant in our dataset due to the insignificant contribution of carotenoids in our spectra (1006 cm −1 , 1156 cm −1 , 1520 cm −1 ).
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Cellular classification and Wavenumber importance in the cytoplasm A single spectrum was produced for each cell by averaging over all the single-pixel located within the region assigned to the cytoplasm of each cell. Because our Raman spectra involve around 1000 wavenumbers, we explored three different methods to apply dimensionality reduction to our dataset prior to the classification. In our case, the features correspond to the Raman intensity at each wavenumber.
• PCA 27 (Feature extraction) is a dimension-reduction tool that is used to reduce a large set of variables to a smaller set that still explain most of the variability in the data. Each PCs is a linear combination of all the wavenumbers, the first PC accounting for as much of the variability in the data as possible, and each succeeding component accounting for as much of the remaining variability as possible. While it usually build relevant features for classification and provide easy visualization of the data, it does not give any chemical information about the FTC diagnosis. Figure. 10c scatter the first two principal components of each cell in our dataset, colored according to their malignancy, it gives a relatively good separation between FTC and NT.
• ANOVA (Univariate feature selection) independently score each features by measuring how the variance between the means of FTC and NT class are significantly different for that feature, selection is usually performed by keeping the top k ranked features. While it gives a good indication of the importance of features for classification, it does not account for the feature inter-dependencies and is thus likely to fail at finding good combination of wavenumber for diagnosis. Figure. 10b plot the ANOVA score of each wavenumbers. We obtain as expected that the highest ranked wavenumbers are the one for which the mean difference spectra is on the edge of the 1-sigma variance. Three groups of wavenumbers seems to be particularly important for FTC diagnosis: lipids, phenylalanine and cytochrome c, which is in agreement with the discussion in the previous section. • FUSE 43 (Multivariate feature selection) evaluates feature subsets by training a predictive model with the selected features and checking how well it performs when making predictions. Because the number of combinations to evaluate scales exponentially with the number of features, it is computationally impractical to try all of the possible combinations and FUSE rely on Monte Carlo Search to look efficiently into the feature set space 44 . This makes possible the detection of the interactions between features and guaranty that the selected feature set is well adapted specifically to our model. Details about FUSE algorithm and score are given in the Methods section. Figure.11a showcases the most important wavenumbers found by FUSE.
To compare the performance of the dimensionality reduction methods described above, we trained a 10-NN and a Random Forest classifier with the obtained set of wavenumbers or principal components. Figure. 12 highlight the benefit of FUSE compared to 2 standard dimensionality reduction methods ANOVA and PCA. Classification was performed by taking the first k features ranked after their PC explained variance, ANOVA score and FUSE score, and then training the classifiers with the selected features. The obtained maximal test accuracy of FUSE (averaged over 1000times with bootstrapping) is significantly higher for both random forest and kNN. FUSE maximizes the accuracy at 86% with the 10NN classifier using only two wavenumbers 1003 cm −1 and 1337 cm −1 , for which the peaks can be identified to the proteins phenylalanine and An interesting tool to further understand the wavenumbers output by FUSE is the mutual information between the selected wavenumbers. In short, it measures the "amount of information" obtained about one variable through another variable. A mutual information of 0 means that the variables are independent, while 1 indicates that they are perfectly correlated, see methods for technical details. The mutual information between 1003 cm −1 and 1337 cm −1 is 0.5, which is in the middle, it means that they share some information but they can still bring complementary information to each other. On the other hand, 1337 cm −1 and 2850 cm −1 , although representing different chemical species, contains around the same information, meaning that they are strongly correlated to each other. , FUSE) . The test accuracy is averaged over 1000 independent trials with random splitting between test set and training set.
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Distribution of the cancer information at the subcellular level A malignant tissue will not necessarily contain only FTC cells, and on the other hand, our immune system is able to detect and eliminate tiny tumours before they become malignant 45 . As a result, in actual clinical applications, it is unrealistic to assume that all cells in a given tissue would be of the same class. To more accurately reproduce real life clinical application, a mixed culture system that contains both FTC133 and Nthy3-1 cell lines was prepared. After the Raman measurements, discrimination of FTC cells from NT cells was performed by fluorescence measurement (Figure.13a ) of the SV40 large T antigen protein, that was previously artificially introduced in Nthy cells for immortalization.
As a final step for our analysis, We investigate how the information about malignancy is spatially distributed in the cells. While we already demonstrated that there is no relevant information for FTC diagnosis in the nucleus, spectral analysis at the pixel level give us information about how the cytoplasm of FTC and NT differs. A cancer index was computed for each pixel in the Raman images using a 10-Nearest neighbor classifier on the 5 first PCs with the training data from our main dataset. A cancer index of 1 indicates a high similarity with FTC cytoplasms and 0 a high similarity with NT cytoplasms. Figure.13b plot the cancer index for a representative image of our mixed culture system. Figure 13 . Representative image of the co-culture system (FTC133 and Nthy3-1). (a) Overlay microscopic fluorescence image of SV40 large T protein (magenta) and double strand DNA (green), intensity thresholding was applied for each color. Since Nthy should be positive for both, the color of nuclei in Nthy is white because of the result of overlay, in contrast, FTC cell is negative for green and positive for magenta, which makes nuclei of FTC cells colored by magenta. Cells in which green color around white indicates dividing Nthy. (b) Computed cancer index for each pixel in cytoplasm region, pixels from the background and nucleus regions are colored in black and blue respectively. The cancer cells are framed by a purple rectangle, note that the cell number 7 is missing because it has been washed out during the cleaning process prior to the fluorescence measurement.
We notice that, while FTC cells mainly contain region with a high cancer index in their cytoplasm, NT cells also seems to incorporate some localized high cancer index regions. This indicates the heterogeneity of chemicals within cytoplasm, and the difficulty to find obvious features for malignancy, this is in agreement with previous subcellular analysis of FTC cells 15 . Finding area in the image with high density of red region would allow to automatically detect the presence of FTC cells.
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Summary and Discussions
We provided a detailed analysis of hyperspectral Raman images for the diagnosis of Follicular Thyroid Carcinoma and managed to significantly reduce the inconsistencies of Raman measurements over different days by subtracting the mean background spectrum estimated by averaging spectra over non-cell regions in Raman images. We explored various dimensionality reduction methods and emphasized significant importance of lipids, cytochrome c and proteins (Phe, Trp) for the distinction between FTC and NT cell lines. Finally, We also demonstrated that the information for FTC diagnosis is mostly contained in the cytoplasm and not in the nucleus. In conclusion, this systematic analysis of Raman hyperspectral images is an important step toward the increase of the understanding and reliability of Raman measurements for clinical diagnosis.
Future directions Now that we have better insight about the chemistry involved in the clinical diagnosis of FTC, our procedure should be extended to biological tissues (that differ significantly from cell lines in their chemical composition). One weakness of our analysis is the fact that biological tissues usually involve high cell density which makes the segmentation of cellular structures highly subjective. In addition to that, there is a high biological variance at the single cell level 46 . As a result, classification at the single cell level might not be the most appropriate for clinical diagnosis, and as for further research, one could consider classification of a group of cell rather than single cell to significantly increase the accuracy and reliability 5 . While our study focused on NT and FTC cell lines, one could apply the same analytic procedure to other variants of thyroid lesions or other form of cancers.
Materials and Methods
Sample preparation FTC-133, RO82W-1 (human thyroid follicular carcinoma cell line) and Nthy-ori 3-1 (human thyroid follicular epithelial cell line) were used in this research as cancer and non-cancer cells respectively. The cells were seeded on calcium fluoride (CaF2) substrates (CRYSTRAN LTD, Raman Grade CaF2 CAFP13-0.2) with the cell density of 1-2 x 10**4. As for the culturing media, DMEM/Ham's F-12 (FUJIFILM Wako Pure Chemical Corporation, 042-30795) and RPMI1640 (nakalai tesque, 05176-25) were used for FTC-133 and Nthy-ori 3-1 respectively, with adding 10% fetal bovine serum (GE Healthcare, SH30910.03) and 1% penicillin-streptomycin-glutamine (FUJIFILM Wako Pure Chemical Corporation, 161-23201) for both. The cells were then incubated at 37C and 5% CO2 atmosphere for 40 ∼ 48 hours after seeding. In advance to the Raman imaging, the cellular culturing medium was replaced to Tyrode's buffer solution (1mM MgCl2, 1mM CaCl2, 5.4mM KCl, 10mM glucose, 10mM HEPES, 145mM NaCl in deionized distilled water with the final pH of 7.4) after rinsed by Tyrode's buffer solution twice.
Data acquisition and Raman Microscopy
Raman imaging of the cells was performed by using line-illumination Raman microscopy 14, 47 . This line-illumination scheme enables the parallel detection of Raman spectra from multiple points in the sample in each exposure, resulting in the acceleration of image acquisition rate, typically 2 order of magnitudes faster than conventional confocal Raman microscope 13 . As a result, the acquisition time of a single Raman image ranged from 20 minutes to 40 minutes in our experiment.
The excitation laser light was shaped into line pattern by a cylindrical lens, then focused on the sample through an objective lens. The Raman scattering induced along the illuminated laser line on the sample was collected with the same objective lens, and then relayed to the slit entrance of a spectrophotometer. On the relaying way, the remaining Rayleigh scattering light was eliminated by longwave-pass edge filters. Raman scattering passing through the entrance slit, which corresponds to the Raman scattering induced by the laser line focus on the sample due to slit-confocal effect, was detected by a cooled CCD camera after being dispersed by a grating inside the spectrophotometer. The output CCD image in a single exposure provided a spectral image, for which the y-axis corresponds to the spatial distribution along the illuminated line and x-axis the spectral frequency (wavenumber). During the imaging process, this CCD exposure was repeated along the direction perpendicular to the line illumination, and the scanning of laser line was manipulated by a galvanometer mirror so that the location of the illuminated laser line on the sample and the entrance slit remained conjugated. The Raman spectral dataset obtained through the imaging process consists of 3-dimensional (x, y, λ ) information as generally-called hyperspectral images.
In this research, the first team used a commercial system (Nanophotn, RAMAN-11) to conduct Raman Microscopy, while the second team performed the measurements with a home-built system. Although both systems adopted a 532 nm CW laser as the excitation light source, the subsequent measurement conditions and installed devices were significantly different in several aspects, as described in the Table.4 below. 
Data Preprocessing
Raman data originally contains strong noise, a considerable fluorescence background due to water and glass, as well as cosmic rays, standard preprocessing methods used in our work involve:
• Cosmic rays:
The spectrum measured at some pixel are altered by cosmic rays, they can be detected when the intensity at a specific wavenumber is at least 8 times the standard deviation higher than the average intensity at that wavenumber: I(∆ω) ≥ 8σ (∆ω) + µ(∆ω). Pixel detected with cosmic ray contamination are replaced with the mean of the intensities in the cube surrounding the outlying pixel.
• Noise:
The intensity of each wave number in the Raman spectrum is following a Poisson distribution, which creates a considerable noise. Denoising is performed by keeping the first 10 components of the measurement matrix M after its Singular Value Decomposition (SVD).
• Fluorescence background: All the spectra contain a relatively large background do to glass and water Raman auto-fluorescence, the baseline removal is done with a 7th order recursive polynomial fitting (Polyfit) 28 , or by Asymmetric Least Square smoothing (ALS) 29 with parameters λ = 2 × 10 4 and p = 0.05.
• Normalization: While numerous way to normalize are described in literature, the most suitable for our problem is area normalization. Each spectrum is divided by the sum of its intensity over the (700-1800 cm −1 ) and (2800-3000 cm −1 ) wavenumber range.
Identification of cellular structure
The differentiation of cell and non cell regions is performed after denoising, ALS background subtraction and normalization. ALS was applied with the coefficients λ = 2 × 10 4 and p = 0.05.
16/20
• Superpixel: For the purposes of further increasing the signal-to-noise ratio and reducing the computational cost, adjacent pixels were averaged over spatially-local regions within the images, producing spectra representing groups of pixels, or superpixels. Rather than using a simple binning scheme on a square grid of predetermined size and location, we instead chose the Simple Linear Iterative Clustering (SLIC) 49 pixel clustering method, that is based on spatial proximity and color similarity to better preserve the spatial characteristics of the cells in the Raman images. The number of superpixels per image was chosen such that the superpixels contain an average of 10 individual pixels, which provides superpixels having an average area of ∼ 1 µm 2 . The Python implementation from scikit-image library was used.
• Identification of Cells regions:
The buffer solution used in our measurements is PBS(-) solution, that is characterized by a weak Raman contribution in the high wavenumber region (2800-3000 cm −1 ). Thus, differentiation of cell regions from non-cell regions is performed by K-means clustering of the intensity averaged over the high wavenumber region: Each spectrum were first partitioned into 8 groups, and the spectra belonging to the 4 most intense clusters were retained as pixels containing cellular regions.
• Identification of non cell regions for background subtraction protocol: Defining the 4 less intense clusters as background creates inconsistency over Raman images because it highly depends on the cell density within the image. Thus, to ensure the consistency of background subtraction through different images, non-cell regions are identified by defining a threshold on the high wavenumber region. More precisely, a spectrum is assigned to background if and only if the Raman intensity at 2932 cm −1 is within 2 % and 10 % of the average Raman intensity from cell regions at that wavenumber across all dates.
• Identification of nucleus and cytoplasm regions:
With an approach similar to the one mentioned above, differentiation of nucleus regions relatively to cytoplasm region is done by K-means clustering on the average intensity of CH2 stretching region (2842 − 2910 cm −1 ). Each spectrum already associated to cell regions were partitioned into 8 groups, the spectra belonging to the 5 most intense clusters were associated to cytoplasm, and the 3 remaining clusters to nuclei.
• Cell isolation: From the binary mask of cell regions, the connected regions of ones, containing cells, were identified with a flood-fill algorithm. Isolated regions containing less than 200 pixels (<∼ 200 µm 2 ) are too small to be cells and were discarded. However, because of the relatively high cell density in some Raman images, there is some strong overlap between the cells, and manual segmentation is required to correctly separate the cells.
EMD Distance
The Earth Mover's Distance (EMD) 34 is a measure of the distance between two probability distributions over a region D = [d i, j ]. It reflects the minimal amount of work that must be performed to transform one distribution into the other by moving "distribution mass" around. To compute the EMD, we first need to find the optimal flow F = [ f i, j ] that minimizes the overall cost when moving from P to Q, that can be found by solving a linear optimization problem. The Python library Optimal Transport 35 was used in our work. The EMD is then defined as the minimal work normalized by the total flow:
Note that the choice of the distance metric [d i, j ] will impact the value of EMD. Typically, [d i, j ] is taken as euclidean distance, but to ensure consistency of the EMD value over different space, we normalize the distance matrix [d i, j ] by the maximum distance between two point in D. Finally, the EMD of two distributions can be generalized to multiple distributions by averaging over the distances of all possible pair of distribution: EMD(P 1 , ..,
EMD(P i , P j )
FUSE Feature Uct SElection (FUSE) 43 algorithm rely on Monte Carlo tree search to repeatedly evaluate features subset until a candidate for the best feature subset is returned. The feature set space is represented as a Directed Acyclic Graph, and feature subset are evaluated with a kNN classifier. The original FUSE algorithm does not compute a score for each feature but return the best combination of features for a given dataset. We define a score for each features by running FUSE independently 1000 times and increasing the score by 1 if it is in the best feature set, and not otherwise. To avoid overfitting, we run FUSE on 75% of the original dataset and reshuffle the dataset each time. The C++ implementation from 44 was used.
Mutual information
In Shanon's Information theory, to quantifies the "amount of information" obtained about one random variable X through the other random variable Y , one can calculate the Mutual Information (MI) between the two continuous variables, defined as follow:
MI (X,Y ) = X,Y p(x, y) log( p(x, y) p(x)p(y)
) dx dy where p(x, y) is the joint probability density function of X and Y , and p(x) and p(y) are the marginal probability distribution functions of X and Y respectively. We can also define a normalized version of the mutual information as 50 : I * = 0 means that X and Y are independent, while I * = 1 indicates perfectly correlated variables. The mutual information for continuous target variables is estimated with a nonparametric methods based on entropy estimation from k-nearest neighbors distances 51 implemented in Python (sklearn library).
